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Evaluating Smartphone Accuracy for RSSI
Measurements
Yanis Boussad, M. Naoufal Mahfoudi, Arnaud Legout, Leonardo Lizzi, Fabien Ferrero
Walid Dabbous
Abstract—
Smartphones are today affordable devices, capable of em-
bedding a large variety of sensors such as magnetometers
or orientation sensors, but also the hardware needed to
connect them to most wireless communication technologies
such as Wi-Fi, Bluetooth, or cellular networks. Therefore,
they are handy devices able to perform Received Signal
Strength Indicator (RSSI) measurements for a wide vari-
ety of applications such as cellular coverage maps, indoor
localization, or proximity tracking. However, to the best
of our knowledge, the accuracy of such measurements has
never been rigorously assessed. The goal of this paper is to
assess the accuracy of the RSSI measurements made with
a Commercial Off-The-Shelf (COTS) smartphone in a va-
riety of conditions, and how possible inaccuracies can be
corrected. We primarily focus on the LTE RSSI, but we
also extend our results to the Bluetooth RSSI.
In this paper, we build a controlled experimental setup
based on commodity hardware and on open-source software.
We evaluate the granularity and limitations of the Android
API that returns the RSSI. We explore how reliable the
measurements in a controlled environment with a mono-
polarized antenna are. We show that the orientation of
the smartphone, the position or orientation of the source,
and the transmission power have a significant impact on the
accuracy of the measurements. We introduce several cor-
rection techniques based on radiation matrix manipulations
and on machine learning in order to improve measurement
accuracy to less than 5 dBm RMSE, as compared to a pro-
fessional equipment.
We also explore the reliability of measurements made in
an outdoor realistic environment. We show that whereas
transmission diversity available in LTE base stations signifi-
cantly improves the measured RSSI regardless of the smart-
phone orientation, the Bluetooth RSSI remains largely sen-
sitive to the smartphone orientation.
Index Terms—RSSI, LTE, accuracy, Bluetooth, calibra-
tion, sensors, smartphone, SDR
I. Introduction
Smartphones are sophisticated devices with a lot of em-
bedded sensors, but also with the support of several wire-
less technologies, such as Wi-Fi, Bluetooth, 2G, 3G, 4G,
and now 5G. For this reason, they are used to make
measurements of the Received Signal Strength Indicator
(RSSI). Such measurements are important in multiple con-
texts. We discuss a few such important practical con-
texts in the following paragraphs. First, companies such
as OpenSignal [1] or Tutela [2] make crowd-based cellular
measurements which are sold to cellular operators in order
to improve their network. Indeed, the RSSI as experienced
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by the consumers is key to evaluate the coverage of the
cellular network and to decide where to place additional
cells. Operators also use this information to have a better
understanding about the competition. Second, large Eu-
ropean projects, such as EMF-NET [3], Interphone [4], or
GERoNiMO [5] explored the impact on human health of
the exposure to electromagnetic fields. In particular, the
Interphone study [4] is at the origin of the classification
of radiofrequency EMF as carcinogenic 2B by the World
Health Organization [6]. However, all their studies faced
the difficulty consisting in accurately quantifying the expo-
sure of the population to radiofrequency electromagnetic
fields. For this reason, the European project COMOS [7]
developed an Android app called XMobisense [8] aimed to
the measurement of the exposure of a cohort during an
experiment. This app had a confidential usage and is no
longer maintained. The ElectroSmart project [9] also de-
veloped an Android application to inform the general au-
dience about their levels of exposure. This project is still
active and has 200k monthly users. Third, indoor posi-
tioning is a significant problem. One of the approaches to
address this problem is to use Bluetooth beacons. In that
context, the accurate estimation of the RSSI is important
in order to determine the proximity to the surrounding
beacons [10]. Last but not least, proximity tracking is of
growing interest in order to trace proximity contacts in
the context of the COVID-19 pandemic. All these appli-
cations are based on the Bluetooth technology[11][12] and
an accurate estimation of the Bluetooth RSSI is of crucial
importance to infer proximity. Whereas, the accuracy of
the RSSI measurements is a key point in all these contexts,
this is still a topic difficult to approach and, to the best
of our knowledge, there is no rigorous evaluation of this
accuracy for COTS smartphones.
In this work, we evaluate the accuracy of an Android
COTS smartphone when performing measurements of the
RSSI emitted from a 4G (LTE) source, and we extend our
results to a Bluetooth source. Our contributions are the
following. i) We evaluate the granularity and limitations
of the Android API that provides the RSSI. We show that
not all methods to access the RSSI are equivalent. We can
expect a 2 dB granularity and an update every second (at
the most) for the measurements made. ii) We explore the
accuracy of the RSSI measurements in a fully controlled en-
vironment with a mono-polarized antenna. We show that
the accuracy of the measurements is extremely sensitive to
the device orientation, source positioning and orientation,
and also to the source Tx power. iii) We propose several
correction techniques aimed to the improvement of the ac-
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curacy of the RSSI that rely on manipulations of radiation
matrices and on machine learning. We show that we can
significantly improve the accuracy and obtain a Root Mean
Square Error (RMSE) lower than 5 dBm as compared to
a calibrated professional equipment. iv) We explore the
accuracy of the RSSI measurements in an outdoor real-
istic environment. We show that transmission diversity
available for the LTE base stations dramatically reduces
the RSSI sensitivity to the device orientation. However,
transmission diversity is not available for all wireless tech-
nologies. In particular, we show that the Bluetooth RSSI
is still sensitive to the device orientation in a realistic en-
vironment v) We make available all the RSSI correction
artifacts and measurement data to the industry and to the
public in general, in addition to the precomputed calibra-
tion matrices for an easier reusability [13].
Related work
Previous works explored the possibility to perform mea-
surements of the received power, but not for COTS de-
vices with no additional dedicated hardware. Tan et al.
proposed Snoopy [14], a spectrum analyzer that uses com-
modity Wi-Fi cards with frequency translators in order to
sense a wide range of frequencies. The Wi-Fi card nor-
mally scans only at 2.4 GHz and 5 GHz. To extend this
range and to scan a wider spectrum, Snoopy uses an RF
frequency translator that senses and translates the signals
to adapt them to the frequency supported by the Wi-Fi
card. This is not readily applicable to COTS smartphones
since they do not expose RF connectors of their Wi-Fi
cards. Another work that aimed at using a commodity
smartphone as a spectrum analyzer is presented by Ana
et al. [15]. They make use of a portable Software Defined
Radio (RTL-SDR) dongle that senses a continuous spec-
trum range from 52 MHz to 2200 MHz, which they connect
to a smartphone through USB. The dongle is the spec-
trum analyzer. The smartphone only processes the data
from the dongle. In contrast to the two aforementioned
works that rely on external hardware, CrowdREM [16] re-
lies only on smartphones for spectrum analysis. The au-
thors used an open-source mobile phone (OpenMoko [17])
on which they installed a modified Linux system and re-
placed the whole baseband system by OsmocomBB [18], an
open-source GSM baseband implementation. They showed
that smartphone accuracy is within 3 dBm while the de-
vice is still, however it is very sensitive to the orientation
with respect to the source, a difference of up to 10 dB
difference. Smartphones have also been used for network
measurements and analysis. Vallina-Rodriguez et al. [19]
developed a mobile application run on Android devices to
monitor the network performance using low-level radio in-
formation. They used the Radio Interface Layer (RIL) to
access radio message exchange between the Android OS
and the baseband chip. Their solution works only on An-
droid devices with Intel Infineon XGold chip, and requires
root-privileges (software modification on the Android OS).
As opposed to the previous works, the solution we pro-


























Controlled env. with programmable robotic apparatus
Fig. 1. The controlled experimental setup. SDR is used for signal
generation and a two-axis positioning system is used to rotate the
device-under-test in order to study the effect of orientation on the
reception performance.
phone without any external hardware, hardware modifi-
cation, or software modification (no rooting and no cus-
tom operating system required) on the smartphone. More-
over, we mitigate the inaccuracy of smartphones [16] with
a correction technique that uses the Inertial Measurements
Units (IMUs) of the mobile device in order to determine
the correction power offset which has to be applied.
The impact of orientation on the RSSI and RSSI-
dependent applications for indoor positioning and local-
ization has been further discussed in the literature. Li et
al. [20] showed that RSSI from COTS RFID tags can vary
by more than 15 dB across different orientations. Pasku et
al. [21] investigated the effect of antenna directivity and re-
ceiver orientation on the RSSI in the 2.4 GHz band for RF
ranging applications. They showed that the RSSI from a
mobile system containing 4 ZigBee nodes has a 5 dB vari-
ability at different angles along the azimuth. They pro-
posed an algorithm to obtain a single calibrated RSSI of
the mobile system by averaging the individual RSSIs from
the 4 nodes. In this way, the authors reduced the RSSI
variability to 2 dB.
Instead of doing mere averaging, and since smartphones
can only be considered as a single node mobile system,
our technique is orientation-aware and is able to correct
the effect of orientation in a single transmitter-receiver sys-
tem using commercial off-the-shelf smartphones, for an RF
ranging system.
The rest of the paper is organized as follows. In Sec-
tion II, we present our methodology to experimentally
collect RSSI values using commodity hardware and open
source software. In Section III, we present the results ob-
tained when the methodology is applied to a commercial
smartphone, and we analyze the sensitivity of the smart-
phone RSSI measurements to various parameters and cor-
rection techniques. We conclude this paper in Section IV
with some conclusions.
II. Methodology
In the following, we present our methodology to perform
wireless experiments for LTE, and we extend some of our
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experiments to Bluetooth in order to show that our findings
expand beyond LTE.
A. Controlled experimental setup
In this section, we present our controlled experimental
setup for LTE and Bluetooth experimentation based on
commodity hardware and on open-source software [22].
• LTE signal generation. Instead of using specialized
hardware for the generation of the LTE cellular network
signals, we use OpenAirInterface (OAI) [23], a software
implementation of an LTE cellular network that can run
on general-purpose processors. The Core Network (CN)
and the Radio Access Network (RAN) components of OAI
usually run on two different machines to ensure real-time
performance. As there is no need for Mobile data in our ex-
periments, deactivating it allows us to reduce the comput-
ing load on the processor. Hence, both the CN and RAN
components can run on the same machine. We use an HP
Zbook laptop running Ubuntu 16.04 LTS with Intel i7-6th-
gen processor and 32 GB of RAM. We connect the laptop
to an Ettus B210 [24] Universal Software Radio Peripheral
(USRP). We use a band 7 duplexer to connect both the Rx
and Tx channels of the USRP to an ETS-Lindgren’s 3115
double-ridged horn Rx/Tx antenna. This is a directional
antenna with linear polarization (mono-polarized) having
a gain of 10 dB at 2.5 GHz. In our setup, it is called the
source or the transmitting antenna, as shown in Figure 1.
• Bluetooth signal generation. In order to generate
the Bluetooth signals, we used two types of devices. We
used an Arduino Bluetooth dongle model “Blend Micro”
from Red Bear Labs [25]. It uses Bluetooth 4.0 Low En-
ergy. We programmed the dongle to broadcast Bluetooth
beacons and connected it through USB for powering. In
addition to the Bluetooth dongle, we used a Fossil smart-
watch [26] with Bluetooth Low Energy 4.2 and firmware
version HW0.0.2.6r.v1 as a second source. This source is
typical of what can be found from a real Bluetooth low
energy consumer device. For the Bluetooth experiments
inside the anechoic chamber, the Bluetooth dongle is di-
rectly mounted to replace the transmitting horn antenna.
The dongle generates the Bluetooth signal and transmits
it through its own embedded antennas.
• Device Under Test. For the device under test, we
use a Nexus 5X smartphone running Android 7. To attach
the smartphone to the network, we program a SIM card
with the authentication parameters that we defined in the
OAI database.
• Controlled environment with programmable
robotic apparatus. We perform our experiment in an
anechoic chamber that has programmable robotic equip-
ment both at the transmission and reception sides. As
shown in Figure 1, the reception platform is a two-axis po-
sitioning system that rotates along the two axes x and y :
ϕ (Azimuth, the angle between x and z axes) and θ (Roll,
the angle between y and z axes). y can rotate 180◦ (from
-90◦ to +90◦) whereas x can make a 360◦ rotation. The
transmission platform can only rotate along the x -axis. In
Figure 1, the transmission system is positioned at ϕ=0◦.
By combining the two-axis rotations, we can obtain mea-
surements of the RSSI using the smartphone in different
orientations. The reception and transmission are separated
by 4 meters and connected to a controller system (Appara-
tus controller) placed outside of the chamber, which allows
us to program the rotation of the platforms by defining the
rotation range, the step, and the time duration it remains
at each orientation.
B. Outdoor experimental setup
The controlled experimental setup allows us to perform
reproducible experiments with a fine grain control of each
experimental parameter. However, in reality, we might
have transmission diversity (e.g., for LTE) and multipath
transmission due to signal reflections (e.g., for both LTE
and Bluetooth).
The goal of the outdoor experimental setup is to assess
how the complexity observed outdoor impacts our findings.
• Cellular outdoor setup. In order to assess the ac-
curacy of the RSSI measurement from a smartphone with
a real LTE base station, we use the same LG Nexus 5x
phone described in section II-A inside the main transmis-
sion lobe of an LTE base station, at a distance of 170 me-
ters. The direction of the main lobe is obtained from the
official maps provided by the French National Agency of
Radio-frequencies (ANFR) [27]. We lock the smartphone
on the same band we had used in the controlled environ-
ment, that is on band 7.
We rotate the smartphone on the two axes ϕ and θ in
order to test for different relative orientations between the
smartphone and the source. At each orientation, we collect
at least 20 RSSI samples and compute the mean value.
• Bluetooth outdoor setup. We use a meeting room
that contains tables and chairs in order to carry out the
Bluetooth experiment in a realistic environment, i.e. in the
presence of reflections (by outdoor setup, we mean outside
of the anechoic chamber). We place the Bluetooth dongle
in the direct line of sight with respect to the smartphone, at
a distance of 4 meters, that is the same distance as between
the source and the reception in the controlled environment.
We again rotate the smartphone on the two axes ϕ and θ
to test for different relative orientations between the smart-
phone and the source. At each orientation, we wait for 1
minute (roughly 5 RSSI samples) and compute the mean
value.
C. Logging the measurements
We log the measurements onto the apparatus controller
(LOGS-1 ) and onto the smartphone (LOGS-2 ). The logs
are timestamped with the time from the local clock, as
shown in Figure 1. We synchronize the timestamps in a
post-processing phase.
For the smartphone log collections, we use the Elec-
trosmart mobile application [9] in order to collect the Rx
power (RSSI) and the device orientation from the IMU
sensors.
The apparatus controller creates timestamped logs of
the values of its rotation axes each time it reaches a pro-
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Comparing Android APIs to get the received power
Fig. 2. Comparing Android API to get the LTE RSSI while varying
the Tx power (right y-axis). The getAllCellInfos method (blue line)
is more reliable and more sensitive to changes in the signal strength
than the PhoneStateListener method (red line).
grammed orientation. The values are expressed in terms
of ϕ and θ in degrees. These logs are used as ground true
values for device orientation inside the chamber.
C.1 Getting the LTE RSSI on Android
The Android Application Programming Interfaces
(APIs) offer two possibilities to get the LTE RSSI. The
two methods are the following.
• PhoneStateListener is a callback-based method. It
works by registering a listener to monitor the changes in
the network signal strength, and get a callback whenever
the signal strength changes [28].
• getAllCellInfo() is an explicit call to the operating
system by invoking the getAllCellInfo() method to fetch
the most recent signal strength measured by the hard-
ware [29].
The two methods are supposed to report the changes in
the signal strength of the network. However, which one
is better to monitor the changes in the signal strength?
In order to compare between the two methods, we place
an LG Nexus 5X smartphone in the anechoic chamber as
shown in Figure 1. Subsequently, we vary the transmis-
sion between -45 dBm and -20 dBm in 1 dB steps, one
step per minute. We record the RSSI on the smartphone
using the two aforementioned methods. We trigger a call to
getAllCellInfo() every 1 second. The results are shown in
Figure 2. The method getAllCellInfos() is more sensitive
to the changes in the RSSI than the PhoneStateListener
method. For example, at time 10h45, PhoneStateListener
keeps giving the same RSSI (-80 dBm) regardless of the
fact that the transmission (Tx) power has dropped from
-20 dBm to -25 dBm, then it suddenly updates to -85 dBm.
In contrast, getAllCellInfos() follows exactly every update
in the Tx power.
For the rest of this work, we choose the getAllCellInfos()
method in order to measure the RSSI on the smartphone.
C.2 Getting the Bluetooth RSSI on Android
The Bluetooth RSSI on Android is obtained by regis-
tering a broadcast receiver that listens to events (called
intent in Android) triggered by the Bluetooth Adapter
on the smartphone. Each time a new Bluetooth source
is detected, a BluetoothDevice.ACTION FOUND intent is
received. We extract the RSSI value from an extra field in
this intent called BluetoothDevice.EXTRA RSSI.
C.3 Getting the smartphone orientation on Android
Android APIs give access to the smartphone orientation
using the Rotation Vector Sensor (RVS). RVS is a software
sensor that combines many hardware sensors readings (Ac-
celerometer, Magnetometer, and Gyroscope) to estimate
the device’s orientation in space. The RVS returns a vec-
tor that can be transformed into a quaternion of orienta-
tion. Quaternions [30] are 4 dimensional complex vectors.
They can be averaged by slerping [30] (Spherical Linear in-
tERPolation) and, in contrast to Euler angles, they do not
suffer from Gimbal lock, which is a loss of a degree of free-
dom when representing the orientations in a 3D space [31].
D. Experimental limitations
For measurement acquisition, we faced some limitations.
First, the refresh rate of the smartphone signal strength
is in the order of 1 second at the best. This is due to
power optimizations restricting the number of messages
exchanged between the device’s baseband (which has a
higher refresh rate) and the Android OS. A higher refresh
rate would shorten the time spent collecting the calibration
data.
Second, the two-positioner system can only rotate along
two axes, which means we cannot test all the relative ori-
entations of the device with respect to the source. This
can be solved by rotating the source itself along ϕ. We
limit our study to a subset of relative orientations of the
smartphone with respect to the source by considering two
polarizations of the source (horizontal and vertical polar-
izations). All the details about the calibration process we
are presenting in this work can be replicated for any differ-
ent orientations or polarizations without loss of generality.
Last, the LTE RSSI values range from −113 dBm to
−51 dBm [32]. Since RSSI values are capped at −51 dBm,
we made sure in all our experiments that measurements
had never been capped.
III. Experimental evaluation of the accuracy of
the RSSI measurements from a smartphone
The reception performance of a smartphone can be af-
fected by different parameters such as the device orien-
tation, the source position (the source pointing with its
main radiation lobe towards the device), the source orien-
tation (the source no longer pointing with its main radia-
tion lobe towards the device), and the source transmission
(Tx) power.
P̄ = Pr + αPr + βPr + γPr + ρPr (1)
The effect of these parameters can be corrected using
correction factors in order to obtain a correct RSSI. Equa-
tion (1) shows P̄ the corrected RSSI where Pr is the raw
RSSI measured from the smartphone, and α, β, γ, ρ are the
correction factors to compensate for the orientation, the
source position, the source orientation, and for the source
Tx power, respectively.
In this section, we start by measuring the reference RSSI
that will be a ground true target for the corrected RSSI P̄ .
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Subsequently, we explore the sensitivity of the measured
RSSI from a smartphone with respect to the device orien-
tation, the source position, the source orientation, and to
the source Tx power in a controlled environment. In each
scenario, we propose a correction technique to estimate P̄ .
Finally, we evaluate the characteristics of an outdoor en-
vironment on the measured RSSI.
Most of our experiments are performed on LTE, but we
have also performed some experiments on Bluetooth in or-
der to show how our findings in LTE can be extended to
other wireless technologies.
A. Measuring the reference RSSI
We measure the actual LTE RSSI at the reception point
using a spectrum analyzer [33]. We use a horizontal polar-
ization at the source. On the spectrum analyzer we place
a horn antenna identical to the transmitting antenna with
the same polarization as the source. By removing the an-
tenna gain (10 dB) and compensating for cable loss (1 dB),
the RSSI measured at the reception is -54 dBm. We call
this RSSI the reference RSSI.
B. Evaluating the effect of the device orientation
In this section, we evaluate the accuracy of the smart-
phone’s raw LTE RSSI inside an anechoic chamber for
a mono-polarized antenna and quantify the effect of the
smartphone orientation with respect to the source on the
RSSI.
In order to compare between the smartphone measure-
ments and the reference RSSI, we replace the horn antenna
at reception with a smartphone. In order to study the ef-
fect of the smartphone orientation on the RSSI, we place
the device in 684 different orientations along two axis, ϕ
and θ, in front of the transmitting antenna, as illustrated
in Figure 1. At each position, we collect the RSSI as well
as the device orientation.
We keep the device at each orientation for 10 seconds.
Then, we average the RSSI and the quaternions measured
for each orientation: RSSIs are averaged in Watt and the
results are converted into dBm; the orientation is obtained
by slerping the quaternions in order to obtain a representa-
tive quaternion for each orientation. To verify the stability
of the RSSI at each orientation during the measurement
period (10 seconds), we compute the standard deviation of
the RSSI over time for each orientation. The mean stan-
dard deviation of the RSSIs for all the 684 orientations is
only 0.06 dBm.
To verify the reproducibility of the measurements, we
repeated the same experiment 10 times. For every exper-
iment, we started the experimental process from scratch:
we set up the LTE network, we calibrate the orientation
sensors of the smartphone [34], we position it on the two-
positioner system, next we launch the controller program
to start rotating the device and to collect the measure-
ments. For all 10 experiments, the mean standard devia-
tion of the RSSI for each orientation is 0.51 dBm and 5.5◦
mean angle error. Finally, we merge all 10 experiments to-

























































































Fig. 3. Heatmap of the LTE RSSI (in dBm) obtained for the LG
Nexus 5X for 684 orientations made for horizontal and vertical po-
larization of the source. The reception performance is very sensitive





























































Fig. 4. Heatmap of the LTE RSSI (in dBm) for 5 different smart-
phones evaluated using our methodology. The reception performance
is sensitive to the device orientation for all smartphones, but the
characteristics of the sensitivity is very different from a smartphone
to another.
RSSI and the mean quaternion. For the rest of our study,
we use the resulting averaged RSSIs and orientations. The
vertical polarization was also evaluated by repeating the
same measurement procedure as described for the horizon-
tal polarization.
By placing the smartphone in 684 different orientations
with horizontal polarization, and by measuring the RSSI,
we obtain a heatmap of the RSSI shown in Figure 3(a).
We can see a large variability of the RSSI across the dif-
ferent orientations. The optimal RSSI we measured was
−51 dBm at θ = +90◦ and ϕ = 0◦ (same orientation as
depicted in Figure 1), which is 3 dB more than the refer-
ence RSSI (−54 dBm). At some orientations, the reception
performance is very poor with a minimum of −73 dBm.
The RSSIs for the same 684 orientations, repeated for the
vertical polarization are shown in Figure 3(b). At this po-
larization, the RSSI also exhibits a large variability with
an offset of 15 dB between the maximum and the minimum
RSSI.
In addition to the Nexus 5X, and using the same method-
ology, we evaluated the reception performance of 5 differ-
ent smartphones. We tested the Samsung S4, Samsung
S7, Samsung Note 4, Google Nexus 6, and Google Pixel
2. We observe in Figure 4 that all smartphones show their
measured LTE RSSIs to be largely impacted by the device
orientation. However, the reception patterns are very dif-
ferent from one device to another. This difference can be
due to many factors, such as the dimensions of the smart-
phone, the casing, the number of antennas used, and their
location within the smartphone.
We also expect to have specific orientations where the
RSSI is optimal, this will happen when the smartphone
antennas are aligned with the polarization of the source.
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Fig. 5. Mean LTE RSSI along ϕ and θ. The RSSI is optimal when
the antenna is in co-polarization with the source (θ = 120◦ and θ =
-60◦) and when the smartphone is oriented towards the source (ϕ =
0◦)
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Fig. 6. Heatmap of the Bluetooth RSSI (in dBm) obtained for the
LG Nexus 5X for 40 orientations in a controlled environment. The
reception performance is also sensitive to the device orientation for
Bluetooth.
In antenna theory, Polarization Matching [35] (or co-
polarization) means that the receiver and the transmitter
have the same polarization, thus the power loss being min-
imal. In contrast, cross-polarization yields minimal power.
So by monitoring the RSSI and by knowing the polariza-
tion of the source, we can determine at which orientation
the co-polarization happens.
In order to determine the polarization scheme of the
smartphone, we plot the mean RSSI along the two axes
of rotation as shown in Figure 5. Along ϕ axis, the maxi-
mum power is received when the smartphone is in the main
transmission lobe (ϕ = 0◦). We also see that the maximum
power along θ is produced at angles +120◦ and -60◦, and
lowest reception occurs when the smartphone is rotated by
90◦ along θ. Hence, smartphone antennas are affected by
their relative orientation with respect to the source and
the optimal performance is observed when their polariza-
tion matches the polarization of the source.
For the rest of this work, and for the sake of simplicity,
we assume that the source polarization does not change
and that it is known beforehand (in practice, we only con-
sider the horizontal polarization). This might not be true
in practice, but we can deduce the polarization of the
source using the property of polarization matching, that
is by placing the device in different polarizations, by mon-
itoring orientations with optimal RSSI, and by knowing
the characteristics of the reception pattern of the smart-
phone. This procedure to find the source polarization can
be performed using our mobile application prototype [13].
Finally, in order to validate that our results expand be-
yond LTE, we explored the effect of the device orientation
for Bluetooth RSSI measurements. We used the Arduino
dongle as the source in our experimental setup, and we ro-
tated the smartphone using the two-axis positioning sys-
tem. In Figure 6 we show the RSSI measured for the 40 dif-
ferent orientations which have been measured. We can see
that the measured Bluetooth RSSI is also very sensitive to
the device orientation with up to 23 dB difference between
the minimum (-76 dBm) and maximum (-53 dBm) mea-
sured RSSI. This proves that orientation does also affect
the RSSI accuracy for the Bluetooth power measurements.
In summary, the measured RSSI from COTS
smartphones is sensitive to the device orientation.
This sensitivity holds for multiple devices and for
different wireless technologies.
C. Correcting the effect of the device orientation
In this section, we show that it is possible to correct
the effect of the device orientation on the measured LTE
RSSI. We use the orientation sensors of the smartphone
to build calibration matrices, which are used to compute
a correcting factor which is subsequently applied to the
measured RSSI for each orientation
Let Q be a matrix of orientation Quaternions, and let
P be a matrix of RSSI having the same dimensions as Q.
We call them calibration matrices. In order to build these
matrices, we rotate the smartphone as shown in Figure 1,
and for each orientation, we fill up the matrix Q with the
measured quaternion, and the matrix P with the offset be-
tween the raw measured RSSI at a given orientation and
the reference RSSI we measured in Section III-A. There-
fore, in the element with coordinates (i, j) in matrix Q
we have an orientation, and in the element with the same
coordinate in matrix P we have the offset to be applied
to the measured RSSI for the specific orientation stored in
matrix Q. Once we have these two matrices, whenever we
place a device in the orientation defined by a given quater-
nion qi, we compare it against all the quaternions in Q and
we compute the relative angle. The closest quaternion in
Q is the one with minimal angle to qi. We use its coor-
dinates in Q to obtain the corresponding correction offset
from P and apply it to the raw measured RSSI to obtain
the corrected RSSI.
To validate this correction technique, we built the cal-
ibration matrices by placing the device at θ = -180◦ and
ϕ = -90◦. Subsequently, we varied θ from -180◦ to +170◦
in 10◦ steps. We did that for every ϕ ranging from -90◦
to +90◦ in 10◦ steps. At each step, we collected the RSSI
and the rotation quaternion. Next, we inserted them into
the matrices with the corresponding ϕ and θ coordinates.
The dimensions of the matrices P and Q is 36x191.
As a next step, we selected 100 random orientations for
the device under test by computing 100 random couples (ϕ,
1 We computed calibration matrices for 5 additional devices: a
Samsung S4 and S7, a Nexus 6, a Pixel 2, and a Note 4. We do not
discuss the details of these other devices in the rest of this paper,
since they provide us with similar conclusions, however we make all
these matrices publicly available [13] so that the interested reader
can easily reproduce our results for different devices.
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Fig. 7. RSSI correction results for the 100 random orientations
along θ and ϕ. The colored area represents the variability of the
measurements along θ. The corrected RSSI (orange) is closer to
the reference RSSI (black dashed line), and less variable (2.4 dBm
RMSE) as compared with the raw measured signal (shown in blue,














Fig. 8. (a) Changing the source’s position with respect to the smart-
phone. (b) Pointing the source’s main lobe at different angles with
respect to the smartphone.
θ) selecting 10 random values for ϕ within the range [-90◦,
+90◦] and 10 random values for θ within the range [-180◦,
+170◦] that were not in Q. Our goal is to obtain random
coordinates which do not have an exact match in Q. The
source polarization and Tx power are kept unchanged.
In order to correct the measured RSSI at a random ori-
entation, we compare a given quaternion against all quater-
nions in Q to get the closest quaternion and its correspond-
ing coordinates in Q. We use these coordinates to get the
RSSI offset in P which allows us to correct the measured
RSSI. Figure 7 shows that the corrected RSSI (orange line)
is closer to the reference RSSI (dashed black line) and has a
lower variability than the raw RSSI (blue line). In particu-
lar, the raw RSSI RMSE is 6.4 dBm, whereas the corrected
received RSSI RMSE drops to 2.4 dBm.
In summary, our proposed technique for cor-
rection of the effect of the device orientation on
the LTE measured RSSI significantly improves the
measurements accuracy. The RMSE error is re-
duced by 4 dB.
D. Evaluating and correcting the effect of the source posi-
tion
In this section, we consider the case where the source’s
location with respect to the smartphone is unknown, but
the distance to the source is kept constant and the smart-
phone remains in the main transmission lobe of the source,
see Figure 8(a).
To evaluate the impact of the source position on the
measured RSSI, we rotate the source at 20◦, 40◦, 60◦, and
80◦ from the original orientation along the azimuth (ϕ).
We make sure that the source is shifted by the correct
angle and that the smartphone is kept within the main






























































Fig. 9. Heatmap of the LTE RSSI of the Nexus 5X when the source
is placed at different angles. The reception patterns are a shifted
versions of the pattern at 0◦ with the corresponding angle change in
source position.
















Fig. 10. Sweeping along the ϕ axis to locate the source. The source
position is found when maximum RSSI is measured
position, we measure the reference RSSI using a spectrum
analyzer.
Next, we test whether we can reuse the calibration ma-
trices obtained in Section III-C to correct the RSSI. Fig-
ure 9 shows the RSSI patterns for all the tested angles.
We see that the patterns seem to be a shifted version of
the reception pattern at 0◦. Hence, the reception pattern
should be preserved regardless of the source position with
respect to the smartphone. To validate this hypothesis, we
test the impact of shifting the calibration matrices we had
collected when the source was at ϕ=0◦ in order to correct
the measured RSSI at any angle. In order to compute the
matrix shifting we have three steps: i) locating the new
position of the source, ii) defining the angle shift from the
ϕ=0 position to the new source position, iii) translating
the calibration matrix of orientations Q to adapt it to the
new source.
In order to locate the source, we use the property of
polarization matching we have described in Section III-B,
where the reception is maximum when both the trans-
mitting and the receiving antennas are aligned and co-
polarized. Our method is as follows. First, we assume that
the source polarization is known, and we place the smart-
phone in the same polarization. Second, as illustrated in
Figure 5, and since the smartphone receives more power
when θ is +120◦ or −60◦, so we place the smartphone at
θ = +120◦. Finally, we rotate the phone along the ϕ axis
from −90◦ to +90◦ and collect the RSSI for each value
of ϕ. The source’s position is determined when we mea-
sure the maximum RSSI at an angle ϕ = ϕm. We can
see in Figure 10 that the RSSI increases gradually as we
point the smartphone closer to the new source location.
The maximum RSSI is received when the smartphone is
directly aligned with the source along the azimuth (ϕ), for
instance, the red curve corresponding to the scenario with
a source rotation of 20◦ has its maximum when ϕ is at
20◦. This procedure to locate the source can be performed
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Fig. 11. RMSE for different source positions between the reference
RSSI and the raw RSSI measurements (in blue), and between the
reference RSSI and the corrected RSSI measurements (in green). The






























































Fig. 12. Heatmap of the LTE RSSI of the Nexus 5X for different
orientations of the main lobe. The reception patterns are impacted
by the orientation of the source main lobe.
using our prototype mobile application for calibration [13].
Once we have located the source, we need to transform
and shift the matrix of orientation quaternions Q in order
to adapt it to the new source position. We apply quater-
nion rotation using the relative quaternion describing the
rotation from ϕ = 0◦ to ϕ = ϕm, that is the new source
position in the azimuth. Once Q is transformed, we can
apply the correction to the measured RSSI using the tech-
nique previously presented in Section III-C.
Figure 11 shows the RMSE as compared to the refer-
ence RSSI for the raw measurements (in blue) and for the
corrected ones (in green). We can see that a modification
of the source position can significantly increase the RMSE
(up to 11.1 dBm at 80◦). However, we see a significant
improvement of our correction technique when the source
position is unknown with an RMSE between 3.3 dBm and
4.8 dBm, so an average reduction in RMSE of 5.7 dB.
In summary, when the smartphone is within
the main transmission lobe of the source, but the
source position is unknown, the measured LTE
RSSI is a shifted version of the measured RSSI
when the source is in front of the device. How-
ever, we have presented a correction technique that
allows us to correct a large fraction of the mea-
sured LTE RSSI error, with an average reduction
in RMSE of 5.7 dB.
E. Evaluating and correcting the effect of the source ori-
entation
Now, we consider the case where the source is no longer



















Fig. 13. RMSE for different source orientation of the main lobe be-
tween the reference RSSI and the raw RSSI measurements (in blue),
and the reference RSSI and the corrected RSSI measurements (in
green). The impact of the source orientation on the measured LTE



































































Fig. 14. The measured RSSI by the Nexus 5X for different Tx power
levels. The reception patterns are impacted by the source Tx power.
be seen that the main lobe is pointed at different angles
with respect to the smartphone. At each angle, we rotate
the smartphone along ϕ and θ in order to collect the RSSI.
Figure 12 shows the heatmap of the RSSI in all tested
cases. Unsurprisingly, we see that the measured RSSI is
sensitive to the main lobe orientation.
We try to correct the RSSI when the source’s main lobe
is not directed towards the smartphone using the calibra-
tion matrices P and Q computed in Section III-C, when
the smartphone is in the source main lobe, without any
modification.
Figure 13 shows the RMSE between the raw measure-
ments and the reference RSSI (in blue), and between the
corrected measurement and the reference RSSI (in green).
The rotation of the source’s main lobe significantly in-
creases the RMSE, which ranges between 6.8 dBm and
8.6 dBm. Our correction technique, consisting in applying
the calibration matrices without any modification success-
fully reduces the RMSE, now ranging between 3 dBm and
4.7 dBm, i.e. an average reduction in RMSE of 4.1 dB.
In summary, the orientation of the source’s main
lobe has a significant impact of the measured LTE
RSSI. The proposed correction technique, consist-
ing in applying the unmodified calibration matri-
ces, can reduce the RMSE on average by 4.1 dB.
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Fig. 15. Root Mean Squared Error (RMSE) for different source Tx
power between the reference RSSI and the raw RSSI measurements
(in blue), and the reference RSSI and the corrected RSSI measure-
ments (in green). The impact of the source Tx on the measured LTE
RSSI cannot be corrected with the mere application of the calibration
matrices.
F. Evaluating and correcting the effect of the source Tx
power
In this section, we consider a change in the source trans-
mitted (Tx) power2. The position of the source and its
polarization are the same as in Figure 1. We consider
three different transmission power levels: Tx1 is the trans-
mission power used in all the previous experiments, Tx2
is Tx1 reduced by 10 dB, Tx3 is Tx1 reduced by 20 dB.
In order to achieve this reduction in transmitted power,
we change the transmission attenuation parameter att tx
found in the configuration file of OAI. For each Tx power,
we measure the reference RSSI at the receiver as explained
in Section III-A. We measure −54 dBm, −64 dBm, and
−74 dBm for Tx1, Tx2, and Tx3, respectively. For each
Tx power, we collect the RSSI measurements using the
same procedure as described in Section III-C, i.e. by ro-
tating the smartphone along θ and ϕ. Figure 14 shows the
received patterns for the three different Tx power levels
defined before. Unsurprisingly again, we see that the RSSI
measurements are impacted by the Tx power.
Similarly to what we did in Section III-E, we try to
correct the RSSI with the calibration matrices P and Q
previously computed in Section III-C, when the source is
emitting a Tx power level TX1, without any modification.
Surprisingly enough, this correction technique fails to
improve the mean RMSE. Indeed, Figure 15 shows that for
the corrected measurements the RMSE corresponding to
Tx2 is slightly decreased, but it is increased for Tx3. The
average RMSE for the corrected measurements is increased
by 0.6 dB.
The reason for this effect is that changing the Tx power
affects the reception patterns of the smartphone. Indeed,
in LTE, smartphones work with a Multiple Input Multiple
Output (MIMO) technology. Depending on the network
quality, the smartphone can select a single antenna or it
can combine the different antennas to optimize the received
signal power [36]. This is called antenna diversity. There
2 Note that we can extend the results of this section to a modifica-
tion of the distance to the source, as increasing the distance to the
source is equivalent to reducing the transmitted power.

































Fig. 16. ML models for RSSI corrections. One-couple (left) and
Two-couple models (right). The model maps the raw RSSI in each
orientation to the reference RSSI corresponding kth Tx power.
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Fig. 17. Random Forest accuracy for selection of the right RSSI
for different amounts of training data. The average (solid line) over
10 independent trainings is computed together with its uncertainty
interval for a 95% level of confidence (colored area). Even a moderate
amount of training is enough to have a good accuracy.
exist different techniques for diversity combining [37]. The
smartphone may use only one of the antennas for reception
(switched diversity) or it can combine the incoming sig-
nal from all antennas according to their respective Signal-
to-Noise Ratio (SNR), a technique called Maximum Ra-
tio Combining (MRC). This antenna diversity significantly
complicates the correction process since there is no previ-
ous knowledge about which calibration matrix should be
used for the measured RSSI.
In order to deal with this issue, we evaluate the perfor-
mance of two machine learning models based on a Random
Forest algorithm to predict the correct RSSI. The first one
uses as features one couple (RSSI, device orientation) at
a time selected from one of the reception pattern matri-
ces presented in Figure 14 and labelled with the reference
RSSI for this matrix. The second one uses as feature two
(RSSI, device orientation) couples at a time selected inde-
pendently from the same calibration matrix labelled with
the known reference RSSI for this matrix. The machine
learning model building process is illustrated in Figure 16.
The illustration shows how in the one-couple model, one
point at a time is taken from the reception patterns (P)
and orientation (Q) matrices, then labelled with the cor-
rect reference RSSI (Pkref). Whereas, in the two-couple
model, two points at a time are taken from both matrices,
and labelled with the reference RSSI corresponding to the
given Tx power. The two-couple model captures more fea-
tures of the smartphone’s reception pattern, which allows
the model to distinguish with higher accuracy which trans-
mission power the received pattern corresponds to. After
training the models, we take one test orientation (in case
of the one-couple model) or two test orientations (in case
of the two-couple model).
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In order to perform the evaluation, we train the model
with X % of the couples (or pairs of couples), X ranging
from 5% to 97% in 4% steps. The remaining data is used
for cross-validation. For each X, we repeat the training 10
times with another uniformly distributed random subset
of X% of couples (or pairs of couples).
The accuracy of the model to give the correct RSSI is
shown in Figure 17. It can be see that with 30% of training
data, the model can predict with 90% accuracy the refer-
ence RSSI with the one-couple model (blue curve). The
accuracy increases to 95% if we use the two-couple model
(orange curve). Even with 5% of training data, the accu-
racy is 80% for the one-couple model. This means that
a simple Random Forest model can capture the reference
RSSI from a single measurement with high accuracy even
with a small amount of training data.
In Summary, we have shown that the source
transmission power has a significant impact on the
accuracy of LTE RSSI measurement with a RMSE
up to 5.7 dBm due to antenna diversity optimiza-
tions on the smartphone. However, we can dra-
matically improve the accuracy by using machine
learning with a simple Random Forest model and
with minimal training. We have shown that a 90%
accuracy can be achieved with 30% training and
using a one-couple model.
G. Evaluating the effect of an outdoor environment
So far, we have evaluated the RSSI accuracy of a smart-
phone in a controlled environment with a mono-polarized
emitting antenna. In this section, we evaluate the accuracy
of the RSSI with a multi-polarized antenna in an outdoor
environment with reflections and multipath. Moreover, the
LTE base stations nowadays make use of transmission di-
versity, such as spatial diversity and polarization diversity
where the signal is transmitted at two perpendicular polar-
izations from an antenna array in order to improve cellular
reception. Polarization diversity provides a gain of up to
12 dB as compared to single polarization [38]. In Fig-
ure 18(a), we show a typical sector antenna’s interior used
at a base station. We can see the arrangement of multiple
antennas with vertical and horizontal alignment in order
to achieve polarization diversity and thus to minimize the
polarization mismatch at reception.
In order to assess the accuracy of the RSSI measure-
ment from a smartphone under these conditions, we follow
the methodology already described in Section II-B, and we
place the smartphone in 88 different orientations along the
two axes ϕ and θ (which are a subset of the 684 orientations
we tested in the controlled environment) inside the main
transmission lobe of an LTE base station, see Figure 18(b).
We compute the variability of the measurements collected
outdoors, and we compare it to the variability of the mea-
surements collected in the controlled environment with a
mono-polarized source, for the same set of orientations.
In Figure 18(b), we can see that the measurements col-
lected outdoors are less variable than those we obtained
in the controlled environment. The median variability is
(a) (b)
Fig. 18. (a) Interior of sector antenna (MIT Computer Science &















































































































Fig. 19. Sensitivity of the Bluetooth RSSI to the device orientation
in an office environment. We observe a large variability of the RSSI
with the device orientation for both sources.
about 4 dB outdoors, as compared to the 12 dB variability
in the controlled environment. We perform two additional
independent experiments with a different subset of orien-
tations using the same experimental arrangement (omitted
here due to the lack of space), and both confirm that the
LTE RSSI outdoors is less variable and less affected by
the orientation of the smartphone than the LTE RSSI in
controlled environment.
Since the LTE base station transmits the same signal
at two perpendicular polarizations (vertical and horizon-
tal polarizations), the smartphone antennas can compen-
sate for the errors introduced by the radiation patterns
by means of a more efficient combination of signals com-
ing from multiple antennas. Therefore, the polarization
diversity used at transmission minimizes the chance of po-
larization mismatch (cross-polarization). Hence, the effect
of orientation on the RSSI in an outdoor environment is
minimized (low directivity).
In Section III-B we have seen that the Bluetooth RSSI
measurements are also sensitive to the device orientation.
However, Bluetooth does not use the technique of transmis-
sion diversity. For this reason, we have evaluated the im-
pact of the device orientation in an office environment (de-
scribed in Section II-B) for two different types of sources:
an Arduino dongle and a smartwatch.
Figure 19 shows the measured Bluetooth RSSI and its
variability with the smartphone orientation. We can see
that the orientation has a large impact on the measured
Bluetooth RSSI in a realistic environment for both types
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of sources. Interestingly enough, we observe that the min-
imum measured RSSI is not obtained for the same orien-
tation. This is due to a different polarization of the two
sources.
In summary, in outdoor (uncontrolled) environ-
ments, transmission diversity succeeds to compen-
sate most of the effect of the device orientation on
the measured LTE RSSI. However, for Bluetooth,
since it does not make use of transmission diversity,
even in outdoor environments, the smartphone ori-
entation has a large impact on the measured Blue-
tooth RSSI.
IV. Conclusions
In this work, we have evaluated the performance of a
Commercial Off-The-Shelf (COTS) smartphone for RSSI
measurements. We have three main take-home messages.
First, a COTS smartphone cannot be used out of the box
to perform accurate RSSI measurements with a mono-
polarized source in a controlled environment since these
measurements are highly sensitive to the smartphone ori-
entation, source position, source orientation, and to the
source transmission power. Second, we propose efficient
correction techniques based on the IMU sensors embed-
ded in the smartphone to correct the RSSI measurements
for all the conditions which have been evaluated and de-
scribed here. With these techniques, we can reduce the
RSSI RMSE to less than 5 dBm. Third, in an outdoor
(uncontrolled) environment, transmission diversity (a tech-
nique that can be found, for instance,in 4G base stations),
succeeds to mitigate the problem of accuracy due to the
smartphone orientation. However, for protocols, such as
Bluetooth, that do not support transmission diversity, the
RSSI measurements are still highly sensitive to the device
orientation.
In this work, we have mainly focused on LTE RSSI mea-
surements, but we also extended our results to Bluetooth.
In particular, we showed that Bluetooth RSSI measure-
ments are sensitive to the device orientation even in realis-
tic environments. The correction techniques we developed
and described here for LTE should be evaluated for its use
with Bluetooth in future investigations.
With the recent development of proximity tracking to
help reducing the propagation of the COVID-19 disease,
the need to perform accurate Bluetooth RSSI measure-
ments becomes even more important. We do believe that
this work provides a ground basis to build more accurate
proximity estimations based on RSSI measurements.
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